Genetic variation in the human genome takes many forms, ranging from large, microscopically visible chromosome anomalies to singlenucleotide changes. Recently, multiple studies have discovered an abundance of submicroscopic copy number variation of DNA segments ranging from kilobases (kb) to megabases (Mb) in size [1] [2] [3] [4] [5] [6] [7] [8] . Deletions, insertions, duplications and complex multi-site variants 9 , collectively termed copy number variations (CNVs) or copy number polymorphisms (CNPs), are found in all humans 10 and other mammals examined 11 . We defined a CNV as a DNA segment that is 1 kb or larger and present at variable copy number in comparison with a reference genome 10 . A CNV can be simple in structure, such as tandem duplication, or may involve complex gains or losses of homologous sequences at multiple sites in the genome ( Supplementary  Fig. 1 ).
An early association of CNV with a phenotype was described 70 yr ago, with the duplication of the Bar gene in Drosophila melanogaster being shown to cause the Bar eye phenotype 12 . CNVs influence gene expression, phenotypic variation and adaptation by disrupting genes and altering gene dosage 7, [13] [14] [15] , and can cause disease, as in microdeletion or microduplication disorders [16] [17] [18] , or confer risk to complex disease traits such as HIV-1 infection and glomerulonephritis 19, 20 . CNVs often represent an appreciable minority of causative alleles at genes at which other types of mutation are strongly associated with specific diseases: CHARGE syndrome 21 and Parkinson's and Alzheimer's disease 22, 23 . Furthermore, CNVs can influence gene expression indirectly through position effects, predispose to deleterious genetic changes, or provide substrates for chromosomal change in evolution 10, 11, 17, 24 . In this study, we investigated genome-wide characteristics of CNV in four populations with different ancestry, and classified CNVs into different types according to their complexity and whether copies have been gained or lost ( Supplementary Fig. 1 ). To maximize the utility of these data and the potential for integration of CNVs with SNPs for genetic studies, we performed experiments with the International HapMap DNA and cell-line collection 25 derived from apparently healthy individuals. The result is the first comprehensive map of copy number variation in the human genome, which provides an important resource for studies of genome structure and human disease.
Japanese from Tokyo, Japan (JPT) and 45 unrelated Han Chinese from Beijing, China (CHB). Genomic DNA from Epstein-Barrvirus-transformed lymphoblastoid cell-lines was used.
Two technology platforms were used to assess CNV ( Fig. 1): (1) comparative analysis of hybridization intensities on Affymetrix GeneChip Human Mapping 500K early access arrays (500K EA), in which 474,642 SNPs were analysed; and (2) comparative genomic hybridization with a Whole Genome TilePath (WGTP) array that comprises 26,574 large-insert clones representing 93.7% of the euchromatic portion of the human genome 26 . Stringent quality control criteria were set for each platform and experiments were repeated for 82 individuals on the WGTP and 15 individuals on the 500K EA platforms. The quality of the final data sets was assessed by the standard deviation among log 2 ratios of autosomal probes (after normalization and filtering for cell-line artefacts), which for the WGTP platform was 0.047 ( Supplementary  Fig. 2 ) and for the 500K EA platform was 0.220, both of which are improvements on published data 8, 27 . The different nature of the two data sets required the development of distinct algorithms to identify CNVs. In essence, these algorithms segment a continuous distribution of intensity ratios into discrete regions of CNV. To train the threshold parameters, we attempted to validate experimentally 203 CNVs that had been defined with varying degrees of confidence in two well-characterized genomes 4, 5, 7 (NA10851 and NA15510). By performing technical replicate experiments on both platforms we assessed the proportion of CNV calls that were false positives for different algorithm parameters across a set of experiments representing the spectrum of data quality. The threshold parameters for both algorithms were set to achieve an average false-positive rate per experiment beneath 5% (Methods;  see also Supplementary Methods, Supplementary Tables 1-4 and refs  26, 28) .
Because all DNAs were derived from lymphoblastoid cell lines, we differentiated somatic artefacts (such as culture-induced rearrangements and aneuploidies) from germline CNVs. We karyotyped all available 268 HapMap cell lines (Supplementary Table 5 ) and sought evidence for chromosomal abnormalities in the WGTP and 500K EA intensity data. We identified 30 cell lines with unusual chromosomal constitutions (Supplementary Table 5 and Supplementary Fig. 3) , and removed the aberrant chromosomes from further analyses. Chromosomes 9, 12 and X seemed to be particularly prone to trisomy. For a cell line with mosaic trisomy of chromosome 12, we confirmed by array comparative genomic hybridization that this trisomy was not apparent in blood DNA from the same individual ( Supplementary Fig. 4 ). Furthermore, we sought signals of somatic deletions within the SNP genotypes of HapMap trios. A somatic deletion in a parental genome manifests as a cluster of SNPs at which alleles present in the offspring are not found in either parent 5 . We assessed all of our preliminary CNV calls in 120 trio parents and found that 17 (of 4,758) fell in genomic regions that harbour highly significant clusters of HapMap Phase II SNP genotypes compatible with a somatic deletion in a parental genome (Supplementary Table  5A , Supplementary Fig. 5 and Supplementary Note). These putative cell-line artefacts were removed from further analyses. Extrapolating experimental procedures for comparative genome hybridization on the WGTP array and comparative intensity analysis on the 500K EA platform are shown schematically (see Supplementary Methods for details), for a comparison of two male genomes (NA10851 and NA19007). The genome profile shows the log 2 ratio of copy number in these two genomes chromosome-by-chromosome. The 500K EA data are smoothed over a fiveprobe window. Below the genome profiles are expanded plots of chromosome 8, and a 10-Mb window containing a large duplication in NA19007 identified on both platforms (indicated by the red bracket).
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The quality of resultant CNV calls was assessed in additional ways 26, 28 . Technical replicate experiments (triplicates for ten individuals) demonstrated that CNV calls are highly replicable (Supplementary Table 6 ), and that noisier experiments are characterized by higher false-negative rates, rather than higher false-positive rates ( Supplementary Fig. 2 ). Heritability of CNVs within trios was investigated at 67 biallelic CNVs at which CNV genotypes could be inferred ( Fig. 2 ; see also Supplementary Table 7) . Of 12,060 biallelic CNV genotypes, only ,0.2% exhibited mendelian discordance, which probably reflects the genotyping error rate rather than the rate of de novo events at these loci. Additional locus-specific experimental validation was performed on subsets of CNVs (Supplementary Table 4 ). CNVs called in only a single individual (singleton CNVs) are more likely to be false positives compared with CNVs identified in several individuals. We attempted to validate 50 singleton CNVs called on only one platform (25 from each platform) and 14 singleton CNVs called on both platforms. All 14 singleton CNVs replicated by both platforms were verified as true positives, whereas 38 out of 50 of CNVs called by only one platform were similarly confirmed (false-positive rate of 24%). Extrapolating these validation rates across the entire data set suggests that only 8% (24% multiplied by the frequency of singleton CNVs called on only one platform) of the CNV regions we identify (see below) are likely to be false positives.
A genome-wide map of copy number variation The average number of CNVs detected per experiment was 70 and 24 for the WGTP and 500K EA platforms, respectively (Supplementary  Tables 8-10 ). Owing to the nature of the comparative analysis, each WGTP experiment detects CNVs in both test and reference genomes, whereas each 500K EA experiment detects CNV in a single genome. The median size of CNVs from the two platforms was 228 kb (WGTP) and 81 kb (500K EA), and the mean size was 341 kb and 206 kb, respectively. Consequently, the average length of the genome shown to be copy number variable in a single experiment is 24 Mb and 5 Mb on the WGTP and 500K EA platforms, respectively. The larger median size of the WGTP CNVs partially reflects inevitable overestimation of CNV boundaries on a platform comprising largeinsert clones, as CNV encompassing only a fraction of a clone can be detected, but will be reported as if the whole clone was involved.
By merging overlapping CNVs identified in each individual, we delineated a minimal set of discrete copy number variable regions (CNVRs) among the 270 samples ( Fig. 3 ; see also Supplementary Table 11 ). We identified 913 CNVRs on the WGTP platform and 980 CNVRs on the 500K EA platform and mapped their genomic distribution (Fig. 4) . Approximately half of these CNVRs were called in more than one individual and 43% of all CNVs identified on one platform were replicated on the other. Combining the data resulted in a total of 1,447 discrete CNVRs, covering 12% (,360 Mb) of the human genome. Using locus-specific quantitative assays on a subset of regions we validated 173 (12%) of these CNVRs (Supplementary  Tables 4 and 12 those identified in previous studies [1] [2] [3] [5] [6] [7] [8] 29 . Combining different classes of experimental replication revealed that 957 (66%) of the 1,447 CNVRs detected here have been replicated on both WGTP and 500K EA platforms, or with a locus-specific assay, or in another individual, or in a previous study (Supplementary Table 12 ). Wholegenome views of CNV show that although common, large-scale CNV is distributed in a heterogeneous manner throughout the genome ( Supplementary Fig. 6 ), no large stretches of the genome are exempt from CNV (Fig. 4) , and the proportion of any given chromosome susceptible to CNV varies from 6% to 19% ( Supplementary Fig. 7) .
Gaps within the reference human genome assembly have an extremely high likelihood of being associated with CNVs; out of the 345 gaps in the build 35 assembly, 48% (164 out of 345) are flanked or overlapped by CNVRs. This finding highlights the complexity in generating a reference sequence in regions of structural dynamism and emphasizes the need for ongoing characterization of these genomic regions.
Comparing the CNVRs identified on the two platforms reveals that the WGTP and 500K EA platforms largely complement one another. The 500K EA platform is better at detecting smaller CNVs ( Supplementary Fig. 8 ), whereas the WGTP platform has more power to detect CNVs in duplicated genomic regions (Supplementary Table  13 ) where 500K EA coverage is poorer 30 . Some CNVRs encompass two or more independent juxtaposed CNVs. For example, a small deletion found in one individual overlapping a much larger duplication in another individual was merged into a single CNVR, despite these representing distinct events. To delineate independent CNVs (CNV events) we applied more stringent merging criteria to separate juxtaposed CNVs (Fig. 3) . Independent juxtaposed CNVs (in black) are identified by requiring that only individual-specific CNVs that overlap by more than a threshold proportion be merged. Intervals encompassing CNV breakpoints (in red) are defined using platformdependent criteria (Supplementary Methods), and contain a significant paucity of recombination hotspots 76, 77 (Supplementary Table 13 ), which results from the enrichment of segmental duplications within which fewer inferred recombination hotspots reside. platforms, respectively ( Fig. 5 ; see also Supplementary Table 11 ). We classified these CNVs into five types: (1) deletions; (2) duplications; (3) deletions and duplications at the same locus; (4) multi-allelic loci; and (5) complex loci whose precise nature was difficult to discern. Owing to the inherently relative nature of these comparative data, it was impossible to determine unambiguously the ancestral state for most CNVs, and hence whether they are deletions or duplications.
Here we adopted the convention of assuming that the minor allele is the derived allele 31 , thus deletions have a minor allele of lower copy number and duplications have a minor allele of higher copy number. Approximately equal numbers of deletions and duplications were identified on the WGTP platform, whereas deletions outnumbered duplications by approximately 2:1 on the 500K EA platform. In addition, 33 homozygous deletions (relative to the reference sequence) identified on the 500K EA platform were experimentally validated with locus-specific assays (Supplementary Table 14 ). Most (27 out of 33) of these have not been observed in a previous genome-wide survey of deletions 7 . To investigate mechanisms of CNV formation, we studied the sequence context of sites of CNV. Non-allelic homologous recombination can generate rearrangements as a result of recombination between highly similar duplicated sequences 32, 33 . Segmental duplications are defined as sequences in the reference genome assembly sharing .90% sequence similarity over .1 kb with another genomic location 34, 35 . We found that 24% of the 1,447 CNVRs were associated with segmental duplications, a significant enrichment (P , 0.05). This association results from two factors: (1) rearrangements generated by non-allelic homologous recombination; and (2) not all annotated segmental duplications are fixed in humans, but are, in fact, CNVs. This latter point highlights the essentially arbitrary nature of defining segmental duplications on the basis of a single genome sequence (albeit derived from several individuals).
The likelihood of a CNV being associated with segmental duplications depended on its length and its classification: multi-allelic CNVs, complex CNVs and loci at which both deletions and duplications occurred were markedly enriched for segmental duplications ( Fig. 5 ; see also Supplementary Fig. 9 ). This is not surprising given the role that non-allelic homologous recombination has been shown to have in generating complex structural variation 36 , arrays of tandem duplications that vary in size 37 , and reciprocal deletions and duplications 38 . The likelihood of a segmental duplication being associated with a CNV was greater for intrachromosomal duplications than for interchromosomal duplications, and was highly correlated with increasing sequence similarity to its duplicated copy ( Supplementary Fig.  10 ). Non-allelic homologous recombination is known to operate mainly on intrachromosomal segmental duplications and to require 97-100% sequence similarity between duplicated copies 33, 39 . This role for non-allelic homologous recombination in generating CNVs in duplicated regions of the genome is supported by the enrichment of segmental duplications within intervals that probably contain the breakpoints of the CNV (Fig. 3) . We identified 88 CNVs from the 500K EA platform and 53 CNVs from the WGTP platform that contain a pair of segmental duplications, one at either end. These pairs of segmental duplications were biased towards high (.97%) sequence similarity, and were more frequently associated with the longest CNVs ( Supplementary Fig. 11 ). In addition to segmental duplications, there are other types of sequence homologies that can promote non-allelic homologous recombination, for example, dispersed repetitive elements, such as Alu elements 40 . We performed an exhaustive search for sequence homology of all kinds 41 and identified 121 CNVs from the 500K EA platform and 223 on the WGTP platform that contain lengths of perfect sequence identity longer than 100 bp between either end of the CNV.
Genomic impact of CNV
Deletions are known to be biased away from genes 5 , as a result of selection. In contrast, the selective pressures on duplications are poorly understood; the existence of gene families pays testament to positive selection acting on some gene duplications over longer-term evolution 42 . We identified the different classes of functional sequence that fell within CNVRs, and tested whether they were significantly enriched or impoverished within these CNVRs compared to the entire genome (Table 1; see also Supplementary Table 13 and Supplementary Methods). Statistical significance of the enrichment or paucity of functional sequences within CNVRs was assessed by randomly permuting the genomic location of autosomal CNVRs (Supplementary Methods). Significant observations are shown in bold. Note that both conserved non-coding elements 75 and CNVRs are biased away from genes, so an enrichment of conserved non-coding elements in CNVRs is not unexpected. * Significant (P , 0.05) enrichment. { Significant (P , 0.05) paucity.
It is not possible to define precisely the breakpoints of CNVRs; therefore, some of these functional sequences might flank rather than be encompassed by CNVRs. We observed a significant paucity of all functional sequences (with the exception of conserved non-coding sequences 43 ) in CNVRs detected on the 500K EA platform, which provided the highest resolution breakpoint mapping (Table 1) . Thus, CNVs are preferentially located outside of genes and ultra-conserved elements in the human genome 44 . We attempted to validate experimentally 11 CNVs containing 12 ultra-conserved elements. Although all but two of the CNVs validated, only two ultra-conserved elements actually fell within these CNVs (Supplementary Table 13B ), so the selection against CNV at ultra-conserved elements is likely to be even stronger than this analysis would suggest. Nevertheless, thousands of putatively functional sequences, including known disease-related genes, flank or fall within these CNVs: over half (58%) of the 1,447 CNVRs overlap known RefSeq genes, and more than 99% overlap conserved non-coding sequences 43 . We examined whether deletions or duplications are equally likely to encompass these different classes of functional sequences. We observed that a significantly lower proportion of deletions than duplications (identified on the 500K EA platform) overlap with the Online Mendelian Inheritance in Man (OMIM) database of disease-related genes (P 5 0.017, chi-squared) and RefSeq genes (P 5 1.7 3 10 29 ). Thus, deletions are biased away from genes with respect to duplications. The same trend was observed with ultra-conserved elements but their number is too small to provide statistical significance.
If deletions are under stronger purifying selection (which removes deleterious variants from the population) than duplications 8, 45 , then deletions should, on average, be both less frequent and smaller than duplications. Although, on average, deletions were almost threefold shorter than duplications (43 kb versus 120 kb from 500K EA), we detected no significant difference in the frequencies with which deletions and duplications were called (P . 0.05 using G-test for independence 46 on WGTP data). We note that our length analysis could be confounded if long duplications arise more frequently than long deletions, whereas our frequency analysis could be confounded if the power to detect duplications was lower as a result of the smaller relative change in copy number (3:2 versus 2:1).
We identified functional categories of genes that were enriched within CNVs using the Gene Ontology (GO) database (Supplementary Table 15 ). The most enriched GO category among genes overlapped by the 1,447 CNVRs was cell adhesion. Other highly enriched categories include sensory perception of smell and of chemical stimulus. Notably, neurophysiological processes were also a highly enriched GO category. The most highly enriched GO categories within CNVRs overlapped appreciably with those identified in a previous analysis of genes in CNVs 14 . Genes found in segmental duplications are known to be biased in terms of GO categories 3; however, an enrichment of cell adhesion genes was also observed within CNVRs not associated with segmental duplications. We also investigated functional categories that are under-represented within CNVRs, as these might reveal classes of genes that are more likely to be dosage sensitive. We noted an impoverishment of GO categories relating to cell signalling, cell proliferation and numerous kinase-and phosphorylation-related categories. The impoverishment of these gene functions within CNVs probably reflects purifying selection acting both against the altered copy number of cell-signalling molecules vital for development and of dosage-sensitive oncogenes or tumour suppressor genes 47 that could predispose to early-onset tumorigenesis.
Copy number variation of medical relevance
In the absence of phenotypic information for HapMap donors, our data are most relevant for highlighting variable regions of the genome that warrant consideration in disease studies, rather than for immediate application to clinical diagnostics.
We found that 285 out of 1,961 (14.5%) genes in the OMIM morbid map overlapped with CNVs (Supplementary Table 16 ). We observed numerous examples of possible relevance to both mendelian and complex diseases. For example, the breakpoint region(s) for 12 of 25 loci involved in genomic disorders (which cause 33 different diseases) such as DiGeorge and Williams-Beuren syndromes 39 were found to be highly polymorphic (Supplementary Table 17 ). CNVs were also identified within the regions commonly deleted in DiGeorge, Smith-Magenis, Williams-Beuren, Prader-Willi and Angelman syndromes, which may be relevant for discerning uncharacterized or atypical cases. We also found CNVs at the spinal muscular atrophy and nephronophthisis loci, as expected, as these diseases are recessive in nature with relatively high carrier frequencies 33 . Finally, 39 CNVs were found to reside within 500 kb of the ends of 36 chromosomal arms, which is relevant when assessing subtelomeric rearrangements in disease.
We found CNVs in genes already known to be responsible for complex traits, including CCL3L1 and FCGR3B 19, 20 . Some new observations were also documented. Two CEU samples (mother and offspring) manifested a gain of CNV-95 involving the first six exons of DISC1, which is disrupted in schizophrenia 48 . CNV-575, encompassing the LPA apolipoprotein A gene, demonstrated population variability, which may influence susceptibility to atherosclerosis. The CRYBB2-CRYBB3 b-crystallin genes in CNV-1367 were observed as gains and losses in copy number in CEU and YRI samples. However, only gains were detected in Asians, leading us to speculate that variability in crystallin copy number may be linked to population differences of onset of age-related cataracts 49 . Following a similar rationale, we highlight CNV-507 for possible involvement in sarcoidosis owing to its proximity to the BTNL2 gene 50 , and CNV-505 in psoriasis susceptibility, because it covers the 6p21.3 (PSORS1) susceptibility locus 51 . We also highlight challenges in resolving genotype-phenotype correlations in complex CNVRs and how CNV detection can delineate unstable genomic regions (details in Supplementary Note including Supplementary Fig. 12 ). We identified patients with congenital cardiac defects and lens abnormalities 52 that share a deleted or duplicated ,1-Mb region of 1q21.1 containing pertinent candidate genes. Duplication of the same interval was observed in other cases with mental retardation 29 . Probands can inherit the disease-associated rearrangements from unaffected parents, which underscores the variable penetrance of some diseases resulting from dosage effects 53, 54 . We found that this locus is highly duplicated, polymorphically inverted, contains assembly gaps, and is flanked by segmental duplications of variable copy number, all features being increasingly observed in CNV regions of the human genome.
Imprint of CNV on SNP genotypes
Deletions perturb patterns of marker genotypes within pedigrees 54 and these patterns highlight the location of such deletions. SNP genotype patterns characteristic of deletions are enrichment of the following: null genotypes in homozygous deletions; mendelian discrepancies in families; and Hardy-Weinberg disequilibrium within a population 5, 7 . Duplications can similarly lead to misinterpretation of marker genotypes 53, 55 , although their impact on high-density SNP maps is poorly understood.
We characterized the patterns of Phase I HapMap SNP genotypes within deletions and duplications on a chromosome-by-chromosome basis to take account of regional biases, and found that most classes of aberrant SNP genotypes were significantly enriched in both deletions and duplications on most chromosomes ( Supplementary  Fig. 13 ). We replicated the patterns of SNP genotypes within deletions (described above), and demonstrated that duplications also impact significantly on SNP genotypes. The spectrum of SNP failures enriched within duplications distinguishes them from deletions ( Supplementary Fig. 13 and Supplementary Table 18 ). Most notably, SNPs exhibiting mendelian inconsistencies are more common within NATURE | Vol 444 | 23 November 2006 ARTICLES deletions than duplications, whereas the opposite is true for SNPs in Hardy-Weinberg disequilibrium and SNPs with missing genotypes.
Cell-line artefacts also have an impact on SNP genotypes. For example, the partial deletion of 17p in NA12056 causes a distinct paucity of heterozygous SNP genotypes in that individual (one-quarter that of the population average) over several megabases of chromosome 17 (HapMap release 20).
Linkage disequilibrium around CNVs Indirect methods to identify causative variants, such as co-segregation of linked markers in families and genetic association with markers in linkage disequilibrium with the causative variant, are considered to be blind to the nature of the underlying mutation 56 . This raises the question of whether SNP-based whole-genome association studies have the same power to detect disease-related CNVs as for disease-related SNPs. This question can be addressed by considering the maximal pairwise linkage disequilibrium (r 2 ) between a particular variant (CNV or SNP) and any of its neighbouring polymorphic markers. If a neighbouring marker is in high linkage disequilibrium (r 2 close to 1) with the variant of interest, that variant is 'tagged' by the neighbouring marker; the genotype of the variant of interest can be predicted with high probability by knowing the genotype at the 'tagging' marker.
Recent studies of linkage disequilibrium around CNVs have produced conflicting evidence as to the degree to which CNVs are 'tagged' by neighbouring SNPs [6] [7] [8] . Here we performed a balanced comparison between the linkage disequilibrium properties of biallelic CNVs and Phase I HapMap SNPs by considering CNVs irrespective of their genomic location, and by analysing CNV genotypes (Supplementary Table 7 and Supplementary Fig. 14) of the same frequency and quality as SNP genotypes 5, 7, 25 (see Methods for details). We quantified pairwise linkage disequilibrium around 65 biallelic CNVs using the same three analysis panels as for the Phase I HapMap (CEU, YRI and JPT plus CHB). Comparing the proportion of variants tagged by a neighbouring SNP with an arbitrary threshold of r 2 . 0.8 shows that whereas 75-80% of Phase I SNPs in nonAfrican populations were tagged, only 51% of CNVs were tagged in the same populations ( Fig. 6a and Supplementary Table 19 ). In the YRI, both SNPs and CNVs exhibited lower linkage disequilibrium, with only 22% of CNVs being tagged with r 2 . 0.8. We considered three explanations for these observations of lower apparent linkage disequilibrium around CNVs than SNPs. First, some duplications might represent transposition events that would generate linkage disequilibrium around the (unknown) acceptor locus but not the donor locus. One of the genotyped CNVs is known to be a duplicative transposition 57 , but evidence from de novo pathogenic duplications strongly suggests a preference for tandem, rather than dispersed, duplications, regardless of whether the duplication is caused by non-allelic homologous recombination 58 . Second, some CNVs might undergo recurrent mutations or reversions, especially tandem duplications which are mechanistically prone to unequal crossing over, causing reversions back to a single copy 12 . However, duplications were not in lower linkage disequilibrium with flanking SNPs than were deletions. Finally, we considered that CNVs might occur preferentially in genomic regions with lower densities of SNP genotypes in HapMap Phase I. We found that CNVs are enriched within segmentally duplicated regions of the genome, in which there is a paucity of genotyped SNPs owing to technical difficulties 25 . Thus, the strongest factor decreasing apparent linkage disequilibrium around biallelic CNVs is not that linkage disequilibrium around such CNVs is necessarily lower, but that there is, on average, lower coverage of these structurally dynamic regions of the genome by SNPs genotyped in Phase I of the HapMap project.
We investigated whether the copy number of multi-allelic CNVs could be predicted reliably by nearby SNPs. We treated diploid genome copy number at multi-allelic CNVs as a quantitative trait, and asked which nearby SNPs are most predictive of this trait, and how strongly predictive these SNPs are. We identified 13 multi-allelic CNVs in which the quantitative WGTP data clearly clustered into discrete diploid genome copy numbers and quantified the predictive ability of neighbouring SNPs using the square of Pearson's correlation coefficient (R 2 ) (Supplementary Fig. 15 ). We found that diploid copy number of multi-allelic CNVs is poorly predicted by neighbouring SNPs (Fig. 6b) . It may be that combining information from Fig.  15 )-is given for each CNV.
several SNPs could provide greater power for predicting diploid genome copy number at these loci.
Population genetics of copy number variation
In contrast to other classes of human genetic variation, the population genetics of copy number variation remains unexplored. The distribution of copy number variation within and among different populations is shaped by mutation, selection and demographic history. A range of polymorphisms, including SNPs 25 , microsatellites 59 and Alu insertion variants 60 , has been used to investigate population structure. To demonstrate the utility of copy number variation genotypes for population genetic inference we performed population clustering 61 on 67 genotyped biallelic CNVs. We obtained the optimal clustering with the assumption of three ancestral populations, with the African, European and Asian populations clearly differentiated (Fig. 7) . Population differentiation of individual variants is commonly estimated by the statistic F ST , which varies from 0 (undifferentiated) to 1 (population-specific) 62 . The average F ST for the same 67 autosomal CNVs was 0.11, very similar to that observed for all autosomal Phase I HapMap SNPs (0.13) 25 . Recent population-specific positive selection elevates population differentiation. To explore population differentiation at all CNVs, we devised a statistic, V ST , that estimates population differentiation based on the quantitative intensity data and varies from 0 to 1, similar to F ST ( Supplementary Fig. 16 ). Estimating V ST for all clones on the WGTP array and all CNVs on the 500K EA array revealed a number of outliers with levels of population differentiation suggestive of population-specific selective pressures ( Fig. 8 ; see also Supplementary Table 20 ). Among these outliers were two CNVs previously demonstrated to have elevated population differentiation 7, 19 : UGT2B17 is a gene encoding a UDP-glucuronosyl transferase with roles in androgen metabolism and xenobiotic conjugation 63, 64 , and CCL3L1 is a chemokine-encoding multi-copy gene at which greater copy numbers protect against HIV-1 infection 19 . Not all regions that have been under recent positive selection exhibit elevated population differentiation 65 . To detect other CNVs that may have recently been under positive selection, we identified CNVRs that fell within 124 out of 752 (16%) genomic locations previously shown 66 to exhibit haplotype patterns suggestive of a partial selective sweep (Supplementary Table 21 ). Two of these overlapping CNVs also fell within the set exhibiting highest population differentiation, shown in Supplementary Table 20 . One of these selection-associated CNVs is a duplication specific to the CEU (Fig. 8) and lies near to the MAPT gene, which is associated with a set of neurodegenerative disorders known as 'tauopathies' 67 . Both the MAPT gene and the duplication lie within a chromosomal region that has recently been shown to have a complex evolutionary history, characterized by a common chromosomal inversion, deep divergence between inverted haplotypes and recent positive selection in European populations 68 . We adapted methods used to identify partial selective sweeps at SNPs 66, 69 to estimate relative extended haplotype homozygosity values (REHH) on either flank of the 67 CNVs for which we extracted genotype information (Supplementary Methods). We identified no convincing signals (P , 0.01 on both flanks) of positive selection on any CNV in any one population, although there were weaker signals (P , 0.05) apparent for some CNVs ( Supplementary Fig. 17 and Supplementary Table 21 ).
Discussion
Our map of copy number variation in the human genome demonstrates the ubiquity and complexity of this form of genomic variation. The abundance of functional sequences of all types both within and flanking areas of copy number variation suggests that the contribution of CNVs to phenotypic variation is likely to be appreciable. This prediction is underscored by the impact of copy number variation on variation in gene expression (B. Stranger and E. Dermitzakis, personal communication).
CNV assessment should now become standard in the design of all studies of the genetic basis of phenotypic variation, including disease susceptibility. Similarly important will be CNV annotation in all future genome assemblies. The identification of CNVs causing severe, sporadic diseases has been hampered by an inability to distinguish between normal and causative variants. Our CNV map, in tandem with the DECIPHER (http://www.sanger.ac.uk/PostGenomics/ decipher/) project's sharing of copy number information on patients with rare, severe phenotypes should advance progress in this area. For mendelian genetic diseases, our data contain numerous known and candidate recessive disease alleles, and existing linkage data can be used to prioritise CNVs for further investigation.
Genetic association studies are the predominant strategy for identifying haplotypes conferring risk for complex genetic diseases. Such studies are typically based on SNP genotyping, either within candidate loci or genome-wide 56 . Our analysis of linkage disequilibrium between CNVs and SNPs gives us limited optimism that CNVs influencing risk to complex disease will be detected by such approaches. The tag SNPs that we have identified (Supplementary Table 19 ) for specific CNVs can be used as proxies for these CNVs. Moreover, CNV-specific genotyping assays can be developed for CNVs for which tag SNPs are not readily identifiable but whose proximity to candidate genes warrants further characterization. Finally, we see great merit in mining CNV information from quantitative SNP genotyping data, and in enriching future generations of genome-wide SNP genotyping platforms by targeting untaggable CNVs.
The overall utility of any map depends on its coverage and its completeness. Extrapolation based on existing data suggests that smaller deletions (,20 kb) are much more frequent than larger deletions (.20 kb) 5 , and the same may be true for duplications. Although we have generated the most complete CNV map yet described, given our lower power to detect smaller CNVs a substantial fraction of copy number variation .1 kb in size in these individuals remains to be characterized. No single available technology will capture all variation. Smaller rearrangements are amenable to detection using technologies such as sequence assembly comparisons 70 , paired-end sequence relationships 4 , sequence trace analysis 71 and higher-resolution tiling arrays 5 . Ultimately, it is desirable to know the precise chromosomal location and sequence content of each and every CNV. At present, generating this information requires the use of multiple experimental methods. However, in the future, the comparison of independently assembled whole-genome sequences could provide a definitive solution.
Our study of human genetic variation ties together cytogenetics, submicroscopic copy number variation and single nucleotide polymorphisms, providing a framework for future genetic studies. This framework will need to be supported by continual refinement of the reference genome sequence and robust nomenclature and databasing for structural variation-both facilitated through international collaboration-to enable further unravelling of the complexity of human genomic variation.
METHODS
CNV determination on WGTP and 500K EA arrays. The experimental methods and algorithms used for CNV calling using the WGTP and the 500K EA platforms are described in the Supplementary Methods and elsewhere 26, 28 . 500K EA and WGTP data quality assessment. In order to estimate false-positive and false-negative rates on both platforms, we used quantitative PCR to test experimentally CNVs called from replicate experiments with NA15510 (ref. 4 ; Supplementary Tables 1-4) . With 500K EA, the average proportion of CNV calls from this sample that were false positive was 2.3% (0.33 out of 15 CNV calls), and the false-negative percentage was 24% (3.3 validated CNVs not called in any one replicate per 38 total validated CNVs) 28 . With WGTP, we found an average falsepositive proportion of 5% (3.4 out of 68.2) and a false-negative percentage of 37.8% (58 non-called out of 154 tested) 26 . Reproducibility was also assessed by analysing ten HapMap DNAs in triplicate (Supplementary Table 6 ). For the 500K EA platform, on average, 80% of CNVs were called in all three replicates, 10% were called twice, and 10% were called only once. For the WGTP platform, using the replicate with the lowest number of calls as the baseline, on average 73% of CNVs were called in three experiments, 14% were called twice, and 13% were called once 26 . Population genetic and statistical analyses. Sixty-seven non-redundant biallelic CNVs suitable for genotyping were identified on the WGTP and 500K EA platforms. Two procedures were used to cluster intensity ratios into discreet copy number genotypes: K-means and partitioning around medoids (PAM) 72 . Pairwise linkage disequilibrium (r 2 ) was estimated between 65 biallelic CNVs and all filtered non-redundant Phase I HapMap SNPs within 500 kb of the CNV borders using HaploView 73 . Population clustering was performed using STRUCTURE 61 and population-specific CNVs were estimated using F ST 62 and the new statistic V ST (Supplementary Fig. 16 ). V ST is calculated by considering (V T 2 V S )/V T , where V T is the variance in log 2 ratios apparent among all unrelated individuals and V S is the average variance within each population, weighted for population size. For REHH analysis 69, 74 , we treated each genotyped CNV as a SNP located at the CNV end, and used Phase I HapMap SNPs 500 kb upstream and downstream of the CNV using the program Sweep (http://www.broad.mit.edu/mpg/sweep/resources.html). See Supplementary Methods for more details. Data release. The raw data from the 500K EA as well as the 500K commercial arrays are posted at the Gene Expression Omnibus (http://www.ncbi.nlm.nih.-gov/geo/), with accession numbers GSE5013 and GSE5173. WGTP data are posted at ArrayExpress (http://www.ebi.ac.uk/arrayexpress/) with accession number E-TABM-107, and at the Wellcome Trust Sanger Institute (http:// www.sanger.ac.uk/humgen/cnv/data/). CNV calls have been released at the Database of Genomic Variants (http://projects.tcag.ca/variation/) integrated with all other CNV data.
